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firms'  forecasts are more accurate than those of professional forecasters in Uruguay. Third, there is 
disagreement between forecasters at the short run but also at the long run and the disagreement is higher for 
forecasters that revise than for forecasters that do not revise. Therefore, there must be some noise or friction 
that prevents agents that changes prices to get access to perfect information. Fourth, the disagreement is not 
fully explained by differences in the information set because one in five forecasts is not internal consistent. 
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Resumen

Este documento analiza el proceso de formación de expectativas de las empresas en

Uruguay examinando una base de datos única, con ocho años de expectativas de in�ación

mensuales y distribuciones de probabilidad subjetiva. En primer lugar, las empresas

muestran un alto grado de atención a las condiciones in�acionarias actuales, aspecto

que vinculamos con la experiencia histórica de in�ación del país. En segundo lugar, al

realizar proyecciones los agentes no incorporan toda la información disponible; además,

las proyecciones de las empresas son más precisas que las de los analistas profesionales en

Uruguay. En tercer lugar, existe desacuerdo entre las empresas respecto a sus proyecciones

a corto plazo pero también a largo plazo y el desacuerdo es mayor para aquellas que revisan

sus proyecciones que para las que no revisan. Por lo tanto, debe haber algún ruido o

fricción que impida a los agentes que modi�can los precios obtener acceso a la información

perfecta. Cuarto, el desacuerdo no es explicado completamente por las diferencias en

el conjunto de información porque una de cada cinco proyecciones de in�ación no es

consistente internamente.

1



1 Introduction

The importance of expectations of economic agents cannot be understated. According

to Woodford (2003), "Not only do expectations about policy matter, but, at least un-

der current conditions, very little else matters". Yet, little is known about how private

agents actually form their expectations. In particular, even though there exist a vast

survey evidence of households�expectations (e.g. Michigan survey in the US, GfK Con-

sumer Climate MAXX survey in Germany) or professional forecasters�expectations (e.g.

Survey of Professional Forecasters or SPF, Blue Chip Economic Indicators, Bloomberg

Consensus), very little is known about expectations formation of �rms, their attention to

in�ation, monetary policy, or central bank communications. But it is precisely in�ation

expectations of �rms that facilitate real e¤ects of monetary policy in the models we write

down like New Keynesian models.

Because of its particularly volatile in�ation history, Uruguay is apt for studies of

agents�in�ation expectations and the potential role of monetary policy in the anchoring

of these expectations. Also, the survey of �rms�expectations run in Uruguay on a monthly

basis since October 2009 is really a unique data set on a world scale.

In this paper, �rst, we assess the accuracy of �rms�in�ation expectations. As it turns

out, �rms in Uruguay seem to be better forecasters than professional forecasters there.

Second, they also seem to have a very solid understanding of current in�ationary con-

ditions; when ask about a current level of the most recent realized in�ation rate, about

half of the respondents give the very precise number and almost all the �rms respond

with a number that lies within 1% of absolute error around the actual number. In other

words, �rms in Uruguay pay a lot of attention to current in�ation conditions. This latter

observation sheds some light on the empirical validity of the theory of rational inattention

(Sims (1998), Sims (2003)).

How could �rms have such a precise knowledge about in�ation dynamics and con-

struct forecasts that exhibit small errors despite the fact that the realized in�ation has

been outside of central bank�s target for a while? We link the degree of attention that

�rms pay to in�ation to the historical experience of the country.

There is an extensive literature on the empirical analysis of the in�ation expectations.

The most in�uential works that analyze the rational in�ation expectation hypothesis in

this context are Keane and Runkle (1990), Bonham and Cohen (1995), Johnson (1998)

and Mankiw and Reis (2002). Most studies of in�ation expectations are based on a

measure of central tendency from a survey of economic experts or on household fore-

casts. Additionally, there is a di¢ culty to get a higher level of disaggregation because
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expectations surveys are usually covered by statistical secret and therefore the individual

responses are not available to researchers. Also, few surveys ask in�ation expectations

directly to the �rms who are the agents that set prices.

Therefore, very little is known about expectations formation of �rms and their atten-

tion to in�ation and monetary policy. We use a rich and unique panel dataset of monthly

in�ation expectations of Uruguayan �rms between October 2009 and December 2017. We

use data at the micro level that has the advantage of avoiding average bias (Keane and

Runkle (1990)). Also, by focusing on the relevant unit (the �rm) we are more closely

analyzing the agent that set prices and it is possible to test the level of attention.

To the best of our knowledge, the only evidence on �rms�expectations formation is

i) that of New Zealand analyzed in Coibion, Gorodnichenko, and Kumar (2018) and is

based on a very recent survey repeated only for a few times ii) that of Uruguay studied

in Licandro and Mello (2014), Borraz and Orlik (2016) and iii) evidence from Federal

Reserve Bank of Atlanta�s Business In�ation Expectations Survey summarized in Bryan,

Meyer, and Parker (2015), and iv) a very recent evidence from Canadian Business Outlook

Survey discussed in Richards and Verstraete (2016).

Economic theory has widely discussed how agents formulate their expectations. The

general behavioral assumptions are key to the results of the theoretical models. Since the

pioneering work of Muth (1961) and Lucas (1972) the rational expectations approach has

dominated the academic environment for its elegance and internal coherence. According

to this theory, agents formulate their forecasts considering the complete set of information

available and their knowledge of the economic model. In the empirical work, rational

expectations are associated with unbiased and uncorrelated forecast errors. Any piece of

available information at the time of forecasting should be serially uncorrelated with the

residual.

The main alternative hypothesis is adaptive expectations. Under this approach, agents

use only historical data to infer the future value of the relevant variables. This framework

implies that agents corrected for errors in their earlier projections. The main limitation

of this assumption comes from the inability of the analyst to infer the complete structure

of the model and anticipate policy responses. Under these assumptions agents can be

systematically deceived.

More sophisticated versions of expectations formation incorporate hybrid concepts

as quasi-rationality (Roberts (1998)) where, under frequent regime changes or a non-

stationary process, agents are subject to a gradual learning process. This mechanism,

weights past information and the best projection to derive future instances of monetary

policy, which is conditional to the performance itself. The rational expectation hypothesis
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was extended with the incorporation of frictions due to the costs of continuously updating

information that generate agent inattention. Two relevant models of rational inattention

are sticky information (Mankiw and Reis (2002)) and noisy information (Sims, 2003).

Mankiw and Reis (2002) postulate the hypothesis of rigid or sticky information that

unable agents to change prices in each period. Under this scheme, the set of information

is infrequently updated based on a cost-bene�t calculation. This hypothesis explains

some under-utilization of information and correlated forecast errors during the period in

which agents are not optimally updating their information set. Alternatively, a di¤erent

source of inattention is Sims (2003) that developed noisy information models where agents

can update price continuously but they have access only to imperfect information. The

agents do not know the true state of the economy in each period. They only have a noisy

measure of the shock hitting the economy.

We assess the importance of di¤erent models of attention in in�ation expectations.

In particular, we use the monthly in�ation expectation Uruguayan survey to disentan-

gle the relevance of sticky information and noisy information models based on calendar

year, rolling horizon and revised in�ation forecasts. Our work is also related to Andrade

and Le Bihan (2013) and de Almeida, Piazza and Issler (2015) that also disentangle the

importance of sticky and noisy information models but based on professional forecasters.

One concern with this work is how the strategic interactions among forecasters can in-

�uence the results. Borraz and Gianelli (2010) show that these interactions can be very

relevant. Because in our case the (anonymous) forecasts are made by �rms this concern

is less relevant. We �nd that there must be some noise or friction that prevents agents

that changes prices to get access to perfect information.

In a recent survey of the literature of the measurement of expectation in economics,

Manski (2017) concludes that it is mandatory for economics to focus more on probabilistic

questions and not in point predictions to learn more about the expectation formation

process. As an example he discusses the Survey of Professional Forecasters of US where

agents must report subjective probabilities for the outcome in ten intervals.

In an in�uential paper Engelberg, Manski and Williams (2009) compare the point

predictions with subjective probability distributions of professional forecast for GDP and

in�ation in the US. They �nd that point predictions mostly coincide with forecasts from

measures of central tendency of the subjective distribution. However, they �nd that their

deviations are asymmetric and point forecasts give a more favorable view of the economy

than probability distribution forecasts. They do not conjecture about their results but

they conclude that point forecasts may have a favorable bias and therefore there is an

important role for probabilistic forecasts in economic surveys. The economic analysis

must focus not only on point forecasts but also on probabilistic questions.

4



In a series of papers, Clements ((2010) and (2014)) also document inconsistencies

between point forecasts and probability distribution forecasts with the US Survey of Pro-

fessional Forecasters and he provides some evidence to explain the results. He concludes

that point forecast gives a favorable bias for the economy and that not all forecasters

update their probability distribution predictions as new information arrives. He based

such conclusion on the fact that point forecasts are more accurate than the probability

distribution predictions in terms of mean squared error. Because of the lag in the in-

corporation of information on the probability distribution forecast their predictions are

worse than point forecasts.

Despite this previous evidence very little is known about expectations formation of

�rms and the relationship between point prediction and probability distributions. We

use a rich and unique panel dataset of three waves of point and probability distribution

in�ation expectations of Uruguayan �rms in March 2016, March 2017 and September

2017. In this study, we compare the point forecast with probability distributions predic-

tions based on the nonparametric estimation of measures of central tendency. We also

analyze how their di¤erences evolve over time and are related to past information as past

in�ation. Our work is also related to Rich and Tracy (2017) who compares point and

density forecasts from the European Central Bank�s Survey of Professional Forecasters.

Based on a subjective probability distribution survey we �nd that the disagreement

in the forecast cannot be fully explained by di¤erences in the information set. There-

fore, with the same information set there is an internal inconsistency in the in�ation

expectation forecasts for a non negligible number of �rms.

2 In�ation in Uruguay: Historical and Institutional
Background

Figure 1 depicts the history of in�ation in Uruguay which, following Marandino and

Oddone (2016) can be broadly divided into four subperiods: i) stag�ation (1960-1973);

ii) opening and liberalization (1974-1985); iii) boost and halt1 (1986-2003); iv) the golden

years (2004-2014).

1Boost and halt is a translation from Spanish of "El impulso y su freno", a book by Carlos Real de
Azúa (which referred to yet another period of import substitution between the 1930s and 1950s).
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Figure 1: In�ation in Uruguay, 1938:2016, 12-month in�ation rate

The Central Bank of Uruguay (BCU) was created in 1967 with the objectives price

and �nancial stability. Prior to that these functions were being performed by BROU

(Banco de la República Oriental del Uruguay). Because the board of the BROU had

been designated by the government with parliamentary approval, monetary policy had

been, de facto, conducted by the government. Until 1995, the BCU was allowed to �nance

the Ministry of Finance, therefore the monetary policy was subordinate to �scal policy.

The law 16,696 of year 1995 included a limit on that credit in the amount of the 10% of

previous-year national budget. This credit is computed as temporary advances and paid

interest. Consequently, since 1995 the Ministry of Economics cannot be directly �nanced

with money creation of the BCU. For example, in the 2002 economic crisis when the GDP

fell by 12% approximately, according to Licandro and Licandro (2010) the law 16,696 was

ful�lled and the BCU does not directly �nance the government. Our study focuses on

the period starting in late 2000s for two reasons. First, Uruguay started implementing

in�ation targeting since 2004 (�rst based on monetary aggregates management). Second,

the survey data on �rms�expectations is available starting in 2009.

3 Data: Survey of Firms�Expectations

Our study is based on a monthly survey that is conducted by the National Statistical

O¢ ce of Uruguay (Instituto Nacional de Estadística, or INE) in agreement with the

Central Bank of Uruguay (Banco Central del Uruguay, BCU) since October 2009 on the
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basis of a sample covering all economic sectors with the exception of agriculture and the

public sector. The �rms were selected using strati�ed random sampling. The strati�cation

was made according to the number of employees (from 50 to 99; 100 to 199; 200 or more)

and the sector of the �rm. Therefore, only �rms with 50 or more employees are included

in the sample. The survey is sent out monthly to 518 �rms by email. A reminder is sent

to those �rms that would not respond. Eventually, approximately 335 questionnaires

are received (a response rate of 65%) each month. If a �rm did not respond, it was not

substituted in order to avoid skewing of results. Instead the weights were reestablished.

At each month, the �rm must respond its in�ation expectations for the calendar year,

the 12-month, the long run expectation (18-month to July 2013 and 24-month since July

2013). This change in the long run de�nition can be explained by the fact that the

monetary policy horizon was shifted from 18-months to 24-months in July 2013. Table

1 shows summary statistics for this survey. For the 12-month in�ation expectation the

total number of observations is 33,137 ranging from October 2009 to December 2017. In

that period, the expected mean and median are very similar and close to 9% and the

realized mean in�ation was 8.24%.

To get a sense of economic meaning of the answers, in one of the recent questionnaires

we asked the respondent to indicate his position within the �rm. From a theoretical

perspective, ideally one would want to have the price setting of the �rm be consistent

with its expectations of future economic conditions, that is to have the same person form

a particular set of expectations and then to act on them. Figure 2 presents the results.
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Figure 2: Identity of respondents

In September 2015 and March 2016 we ask additional questions to estimate the level

of attention of �rms. Also, in March 2016 and March and September of 2017 we ask

for the subjective probability distribution of expected in�ation. The �rms correctly an-

swer subjective probability questions because in the three waves the answers add to one

hundred percent.

4 Attention

A novel dimension of the survey which we introduced is concerned with the beliefs of �rms

about current in�ation rate and is aimed at gauging the degree of attention �rms pay to

in�ation conditions. This question seems particularly suited for testing rational inatten-

tion theory directly. Also, previous studies based on surveys of households expectations

(Jonung (1981) for Swedish households and Armantier, Nelson, Topa, van der Klaauw,

and Zafar (2012) for the US households) show that those households who believed recent

in�ation to have been higher than other households tend to have higher expectations

of future in�ation. On two occasions, September 2015 and March 2016, we asked �rms

about their knowledge of the realized rate of in�ation (see Figure 3).
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Figure 3: Histogram of answers to the questions about most recent realized 12-month

in�ation rate (Sept 2015 and Mar 2016 survey)

The only other study, to our knowledge, that has asked �rms an explicit set of ques-

tions aimed at gauging �rms�degree of attention to in�ation is Coibion, Gorodnichenko,

and Kumar (2015). Figure 4 presents a comparison of results. Uruguayan �rms are much

better informed than their New Zealand peers about the level of in�ation. The distribu-

tion of past in�ation errors is concentrated around zero for Uruguayan �rms. This result

highlights the high level of attention of �rms in Uruguay.

Figure 4: Errors in the assessment of the realized in�ation in Uruguay (left) and New

Zealand (right)
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5 Unbiasedness of Expectations and Forecaster Er-
rors

In this section we evaluate the performance of the �rms�forecasts and we compare them

with those of professional forecasters in Uruguay. Figure 5 shows the 12-month (median)

expected in�ation for �rms and professional forecasters, the corresponding in�ation rate

and core in�ation2. At the beginning of the sample the expected in�ation was systemati-

cally lower than true in�ation. Also, between mid-2013 and the end of 2015 the expected

in�ation was almost �at and in�ation decreases until the end of 2014 to start to increase

after that period. These behaviors of in�ation expectations cannot be explained in the

framework of rational expectations. It can be noted that the forecasts of the �rms are

more related to in�ation that those of professional forecasts. In fact, in most of the pe-

riod the forecasts of professionals were below the in�ation rate. The only period when

in�ation and professional forecast were similar was in 2014 when the government used the

regulated prices to decrease in�ation. In this period, we observe divergence in the evolu-

tion of in�ation and core in�ation. Interestingly, �rms�expectations remain constant in

this period.

Figure 5: Firms�in�ation expectations, professional in�ation expectations, realized

and core in�ation
2The core in�ation excludes goods whose prices are �xed by the government (oil, electricity, etc.).
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Table 2 con�rms the visual inspection of Figure 5 that �rms�forecast are more accurate

than those of professionals. The mean absolute error of professionals is bigger than that

of �rms. The absolute mean forecast error is 1.11 for �rms and 1.43 for professionals.

As mentioned above (see Figures 5 and 6) the 12-month �rms�in�ation forecast

errors do not seem unpredictable. A visual inspection of Figure 6 indicates that errors

are positive correlated. Again this result cast doubts regarding the hypothesis of rational

expectation with perfect information.

Figure 6: 12-month �rms�in�ation forecaster errors

In what follows we consider two versions of the test of unbiasedness of expectations.

The �rst one is a strict version of the test aimed at estimating a contemporaneous value

of in�ation of a given period t from its projection made in period t � i : �t = � +

�Et�i (�t) + "t:The null hypothesis of rationality implies that � = 0 and � = 1 have to

hold simultaneously. It is noteworthy that under correlated errors, an unbiased estimator
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may have � di¤erent from 1 and the previous unbiasedness hypothesis not only evaluates

unbiasedness but also e¢ ciency linked to the use of lagged errors. To control for the

possible existence of autocorrelation up to order 12 and heteroscedasticy we used the

variance-covariance estimator proposed by Newey-West (1987). Firms and professional

forecasts are biased according to Table 3.

A less restrictive test of unbiasedness is to impose � = 1 a priori and to estimate an

equation for projection errors only as a function of a constant in order to assess systematic

biases. The equation then is given by �t � Et�i (�t) = � + ut with the null hypothesis

� = 0. Table 4 indicates that we can reject unbiasedness for professionals but not for

�rms.

Table 4: Test for bias in expectations
Dependent variable: 12-month inflation forecast error

Sample: 2010.M09 - 2017.M12. Median response
Variables Firms Professionals
Constant -0.360 0.578**

(0.232) (0.237)
N 88 88
Unbiased Yes No
Newey-West (1987) standard errrors in parentheses. ** p<0.05

In Table 5 we regress the average error against its lag and a set of variables available

to the �rm at the time of the forecast. In order to control for the possible existence of
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autocorrelation up to order 12 and heteroscedasticity we used the variance-covariance

estimator proposed by Newey-West (1987). The forecast error are highly correlated with

an AR(1) coe¢ cient of 0.95 signi�cantly di¤erent from 0 at the 1% level (Table 5 Column

2). Therefore, forecast errors are not unpredictable or a white noise process. Also, lagged

in�ation and lagged exchange growth are correlated with the forecast errors. This mean

that forecast errors can be (partially) explained for variables observed by the �rms at the

time of their forecasts (Table 5 columns 3 to 5).

6 Disagreement

In the literature the disagreement among forecasters is estimated at each time as the

standard deviation of individual forecasts. Figure 7 shows this measure of disagreement

and because of the sensibility to outliers we included a robust indicator of volatility as

the interquartile range. We �nd a high level of disagreement among 12-month in�ation

forecasters based on these two measures. Therefore, in�ation expectation disagreement

is an important characteristic in our sample of Uruguayan �rms.3

3The same pattern of disagreement among forecasters is found in the 18-month and the 24-month
long run in�ation expectation (results are available upon request).
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Figure 7: Firms�disagreement. Interquartile range (blue) and standard deviation (red)

of 12-month cross section forecasts

Next, we ask if the disagreement is related to the size of the shock hitting the econ-

omy. For example, if the disagreement is correlated with the level of in�ation. Table 6

shows that the disagreement is positive and signi�cantly correlated to the size of past

in�ation and with the size of previous forecast errors. Therefore, the shocks that a¤ect

the economy also impact on the variability of in�ation forecasts. This evidence indicates

that the expectation process can be explained by sticky information or noisy information

models. The following subsections disentangle the relevance of these two models with

the estimation of inattention based on calendar year, rolling horizons and revisions of

forecasts.
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6.1 Disagreement: Calendar Year Estimation

In each month, the �rms are asked to report their estimation for the next 12-months

and also for the calendar year. For example, in February 2015, the �rm reports the expec-

tation for the 12-month period from February 2015 to January 2016 and the expectation

from January 2015 to December 2015. Therefore, for each calendar year we have twelve

month forecast for the whole year. Following Andrade and Le Bihan (2013) we measure

the degree of attention as the proportion of forecast changes in the calendar year being

forecasted. Formally:

�cT =
1

NT

NTX
i=1

12X
m=2

1

11
I
�
�eiT;m 6= �eiT;m�1

�
(1)

�cT is the degree of attention for calendar year ending in T ,NT is the number of

�rms, i is �rm, m is month from 2 (February) to 12 (December) and I is an indicator

function such that I(A)=1 if A is true and 0 otherwise. Figure 8 shows that the degree

of attention is not complete with yearly values between 0.37 to 0.53. There is a level

shift in the probability of revising after 2014 that could be correlated with the increase

in in�ation (see Figure 5).
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Figure 8: Probability of revising based on calendar year forecasts

Figure 9 shows that the disagreement among �rms is higher with high degree of

attention de�ned as the probability of updating greater than 0.5 than with low levels

of attention (probability of revising less or equal than 0.5). In Figure 9, 67% of the

observations are above the 45% degree line. This evidence is in favor of noisy information

model that postulates frictions of noise that unable the �rms to access full information

when updating expectations.

Figure 9: Disagreement among forecasters by probability of revising based on 12-month

in�ation expectations and the 45-degree line
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6.2 Disagreement: Rolling Horizon Estimation

A second measure of attention is based on the rolling horizons of in�ation expec-

tations. For each �rm we have the 12-month and the 24-month (or 18-month) forecast.

Therefore, we can calculate the probability of updating after a year of new information.

We can compare �et;t�11with �
e
t;t�23. For example we can compare the 12-month fore-

cast made in January 2015 (for the period January 2015 to December 2015) with the

24-month forecast made one year ago, in January 2014 (for the period January 2014

to December 2015). We measure the degree of attention as the proportion of forecast

updates considering rolling horizon forecasts. Formally:

�RT =
1

NT

NTX
i=1

12X
m=1

1

12
I
�
�eiT;m 6= �eiT�1;m

�
(2)

�RT is the degree of attention based on rolling horizon forecasts for calendar year T

,NT is the numbers of �rms, m is month from 1 (January) to 12 (December) and I is an

indicator function. Figure 10 indicates that there is an increase in the degree of attention

at the end of the sample.

Figure 10: Probability of revising based on rolling horizon forecasts
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6.3 Disagreement: Forecast Revisions

Our last measure of attention is based on the frequency that a �rm updates its forecast.

We measure the degree of attention as the proportion of forecast updates. Formally:

�FRT =
1

N

NX
i=1

Dec::2017X
t=Nov:2009

1

Ni
I
�
�eit 6= �eit�1

�
(3)

�FRT is the degree of attention based on one month 12-month forecast revisions, N is

the numbers of �rms, Ni is the number of observations for the �rm i;t is the time period

that ranges fromNovember 2009 to December 2017 and I is an indicator function. Because

the sticky information model implies that when �rms revise forecast they incorporate all

available information we expect a decrease in disagreement when we include only the

updating �rms. Again, Figure 11 shows that the disagreement is higher for �rms that

update their forecasts than for �ms that do not update, because 66% of the observations

are above the 45% degree line. This evidence is in favor of noisy information model

that postulates frictions of noise that unable the �rms to access full information when

updating prices.

Figure 11: Disagreement for revisers and non-revisers based on 12-month in�ation

expectations and the 45-degree line

7 Internal (In)Consistency of Forecasts

As mentioned above one concern to measure uncertainty and disagreement among fore-

casters is the fact that �rms can use di¤erent information sets to perform their predictions.

Therefore, the disagreement as a measure of uncertainty can indicate a di¤erent use of
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available information and not necessarily disagreement among forecasters. Because of

that and based on the probability distribution of �rms we nonparametrically estimate

bounds on the in�ation forecast. Therefore, we do not make any parametric assumption

regarding the distribution of the forecasts. We compute the lower bound assigning all

of the probability to the lower value of the interval and the upper bound allocating all

of the probability to the higher value of the interval. One limitation of this analysis is

that the bound could be very wide and very uninformative about the forecast process.

Our objective is to compare these forecasts from the probability distribution based on

nonparametric bounds with the point forecast in order to analyze the internal consistency

of individual forecasters.

Because the �rms are just asked a point forecast for in�ation we do not know which

measure of central tendency is reported. It is possible that some �rms answer with the

mean and others with the median or some other measure. Therefore we compare the point

prediction with various measures of central tendency from the probability distribution as

the mean, the median and the mode. In March 2016, March 2017 and September 2017

an extended questionnaire with the probabilistic inquiry was included. The sample size

was 378, 334 and 314 respectively.

In March of 2016 the question about the probability distribution was the following:

"What do you think are the chances that the next thing will happen with in�ation in the

next 12 months? Please note that the numbers must add up to 100%:

� In�ation will be less than 3% ... ... chances per cent

� In�ation will be between 3% and 7% ... ... chances per cent

� In�ation will be between 7% and 10% ... ... chances per cent

� In�ation will be between 10% and 12% ... ... chances per cent

� In�ation will be between 12% and 15% ... ... chances per cent

� In�ation will be greater than 15% .... chances per cent"

In March 2017, there are only �ve options because the ranges between 10% and 12%

and 12% and 15% are combined. In September of 2017, the question about the probabil-

ity distribution was the following: "What do you think are the chances that the following

will happen with in�ation in the period September 2018-August 2019? (Please note that

numbers must add up to 100%)

� The in�ation will be less than 0%: ... ..... chances per cent
� The in�ation will be between 0 and 3%: ... ..chances per cent
� The in�ation will be between 3 and 5%: ... ....chances per cent
� The in�ation will be between 5% and 7%: ... .... chances per cent
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� The in�ation will be between 7 and 10%: ...chances per cent
� The in�ation will be between 10 and 12%: .chances per cent
� The in�ation will be between 12 and 15%: ..chances per cent
� The in�ation will be between 15 and 20%: ..chances per cent
� In�ation will be higher than 20% ... ... .chances per cent

� Total (column must add 100%): 100 chances per cent"

Table 7 shows the distribution of answers by the number of intervals used by the

�rms4. We observe that at the beginning of our sample in March 2016 approximately

43% of the �rms responded just one interval in the probability distribution. However, one

year later this number decreases 17 percentage points. Also �rms are able to correctly

answer probability question because in the three waves of the survey all the probability

add up to one hundred percent. Moreover, in the last survey of September of 2017 ten

percent of the �rms select at least four intervals. Moreover, the intervals are contiguous

for �rms that select only two intervals with positive mass in the probability question.

This type of response facilitates the nonparametric estimation of the measures of central

tendency as the mean, median or mode.

Table 8 shows the percentage of point predictions of �rms that are within the mean,

median and the mode from the nonparametric bounds of the subjective probability dis-

tribution. Because we do not know the measure of central tendency that the �rm report

in their point prediction we present three measures: the mean, median and mode. The

Table 8 indicates that for a non-negligible share of �rms the point prediction is outside of

the nonparametric bound. In March of 2016 and 2017, nearly one in �ve in�ation forecast

of �rms is not consistent. In September of 2017 three of ten in�ation forecast are not

consistent. This result of inconsistency of in�ation forecasts and its magnitude is similar

to Engelberg, Manski and Williams (2009) and Clements (2010) for the US Survey of

Professional Forecasters.

4We restrict to �ve the number of intervals in each wave of the survey in order to make them compa-
rable.
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There is a shift in the "mood" of forecasters from optimistics in March 2016 to pes-

simistics in 2017 (Table 9). In March 2016, eight of ten of the internal inconsistent

forecasters provide a point forecast that is lower than the prediction of the probability

distribution. We de�ned them as optimistics because the in�ation point forecast is lower

than the probability forecast. In 2017 there is a reversal and the �rms are pessimistics.

In 2017, for seven of ten of the inconsistent �rms the point forecast is higher than the

prediction from the probability distribution. Interestingly, the last data of in�ation for

the wave of March 2016 was above 10% for the �rst time in the last twelve years. One

year later in March of 2017 the in�ation rate was below 7%, the upper bound of the

Central Bank target.

To analyze the change in the "mood" of the forecasters we estimate the dynamics or

the transitions of the in�ation forecast. Table 10 shows that between March of 2016 and

March of 2017 there is a shift from below bound to inside bound and from above bound

to inside bound. When we compare March of 2016 to September of 2017 again the shift

is from below bound to inside bound. Also there is an interesting shift from March of

2017 to September 2017.
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As mentioned above, Clements (2010) �nds that the point forecasts are more ac-

curate than the probability distribution. Therefore, because not all forecasters update

their histogram as new information arrives we observe sometimes inconsistencies between

point forecast and the probability distribution prediction. However, in our case Table 11

indicates that the point forecasts are not always more precise than the probability distri-

bution forecasts. In March 2016, the point forecast is more accurate than the probability

distribution forecast but the result is reversed in March 2017.

Finally, Table 12 presents the regression of a model where the dependent variable is

the di¤erence between the point forecast error and the probability distribution forecast

error. The coe¢ cient of lagged in�ation is negative and highly signi�cant and indicates

the lack of use of all of the available information at the time the forecast was made.
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8 Conclusions

This paper uses a rich and unique dataset to analyze �rms�in�ation expectations and the

process by which �rms form their expectations. We �nd that �rms make smaller absolute

forecaster errors, on average, than professional forecasters in Uruguay and that they pay

very close attention to realized in�ation. The Uruguayan �rms�have a higher level of

attention to in�ation than New Zealand �rms.

We also estimate the degree of attention based on calendar year, rolling horizon and

revision in�ation forecast. We �nd that forecasters fail to incorporate all of the available

information and therefore the forecaster errors are predictable; the disagreement can be

partially explained by variables available to �rms at the time of the forecast, and that the

disagreement is higher for forecasters that revise than for forecasters who do not revise.

All of these �ndings suggest that there must be some noise or friction that prevents agents

that changes prices to get access to perfect information.

Finally, we compare the point prediction of in�ation expectation with the nonpara-

metric bounds based on the subjective probability distribution. We �nd that at least one

in �ve in�ation forecasts is not internal consistent because the point prediction does not

coincide with the nonparametric bound. Also, the sign of the di¤erence changes overtime.

In March of 2016 the �rms were optimistics in the sense that the point forecast was lower

than the bound from the distribution. However, in March of 2017 and September of 2017

the �rms were pessimistics with a point forecast above the subjective probability distrib-

ution. All of these �ndings suggest that the disagreement previously found in the forecast

is not fully explained by di¤erences in the information set. With the same information

set there is an internal inconsistency in the forecast of a non-negligible number of �rms.
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